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ARTICLE INFO ABSTRACT
Keywords: Breast cancer detection, and broadly medical object detection, revolves around discovering and rating lesions.
Object detection One of the most common ways of measuring performance is FROC (Free-response Receiver Operating

Machine learning
Breast cancer
Medical imaging

Characteristic), which calculates sensitivity at predefined thresholds of false positives per case. However,
depending on the clinical context, not all lesions might be of equivocal impact on the long-term outcome of
a patient. Some lesions missed e.g. in screening might be detected in the subsequent screening round without
impacting the clinical prognosis, whilst missing others might significantly detoriate prognosis and treatment
pathways. It is therefore desirable to develop and include consideration of clinical prognosis/risk imbalance in
the way machine learning models are developed and evaluated. In this work, we propose risk-adjusted FROC
(raFROCQ), an adaptation of FROC that constitutes a first step on reflecting the underlying clinical need more
accurately. Experiments on two independent breast magnetic resonance imaging (MRI) datasets with a total of
1535 lesions in 1735 subjects showcase the clinical potential of the proposed metric and its advantages over
traditional evaluation methods. Additionally, by utilizing a risk-adjusted adaptation of focal loss (raFocal) we
are able to improve the raFROC results and patient-level performance of nnDetection, at no expense of the
regular FROC.

1. Introduction FROC and other detection metrics like mean Average Precision
(mAP) [8], as well as the losses used to train machine learning (ML)
models, treat all objects as equally important. However, depending on

the clinical context and setting the diagnostic measure is embedded in,

In automatic diagnosis systems, discovery and rating of suspicious
structures in patient images is commonly formulated as an object

detection task [1-4]. Free-response Receiver Operating Characteris-
tic (FROC), which is calculated as the mean of sensitivity at prede-
fined numbers of false positives per case, is the standard measure of
performance in medical object detection [1,2,5-7].

missing some lesions might be of very high clinical impact to the patient
as it can significantly influence prognosis, whilst missing other lesions
(postponing the detection in time but not in terms of prognosis), might
not change either clinical outcome (e.g. survival) or clinical treatment
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pathways (e.g. if a lesion is growing slightly in between two screening
examinations but stays within the setting of identical prognosis and
treatment pathways) [9,10]. Additionally, if lesions of subordinate im-
mediate clinical relevance are more prevalent, the model might become
biased towards them during training. Therefore, there is a disconnect
between the underlying clinical need and the way models are optimized
and evaluated, which can hinder clinical performance, make measuring
scientific progress harder, and hamper clinical translation of ML [11].

To address this gap between technical methodology and clinical
objective, we propose an adapted version of FROC, named risk-adjusted
FROC (raFROC), that can incorporate arbitrary risk functions and ac-
count for risk differences between objects, aligning evaluation metrics
with clinical needs. Additionally, we introduce risk-adjusted focal loss
(raFocal) to support risk-aware training. In this way, we aim to focus
the model evaluation and trained more on lesions of higher prognostic
risk in case of being malignant, by considering them more important.

We showcase the risk-adjusted approaches by leveraging two dis-
tinct breast cancer datasets, each characterized by variations in lesion
size distributions and MR imaging protocols, totaling 1535 lesions
across 1735 subjects. While the methods presented can accept arbitrary
risk functions, for this study we used tumor size — a key factor in breast
cancer prognosis and TNM staging [12] — as the risk function, due to
its well-established relationship with mortality risk [9,13].

2. Related work
2.1. Free-response operating characteristic (FROC)

The FROC plot shows sensitivity (often referred as true positive
fraction, TPF) at certain manually defined thresholds of false positives
per case (typically false positive detections per image, FPPI) [14,15]
and constitutes the basis for raFROC. Each predictions has an associated
confidence, represented with x for false positive (FP) and y for true
positive (TP) ratings. Using multiple confidence thresholds represented
by &, FROC can be calculated using:

< 1>

TPF() = z jT
= ¢))
N

FPP1(5>=ZM

i=1
where I the indicator function, M is the total number of TP predictions,
N is the total number of FP predictions, and T is the total number of
ground truth objects, and S the total number of cases.

2.2. Using focal loss as the classification loss functions for object detection

Focal loss [16], an enhanced version of cross-entropy loss, was
designed specifically to address class imbalance in object detection
tasks, where the vast number of easy negatives can overwhelm the
training process. It modifies the standard cross-entropy loss by adding
a focusing parameter, y, which adjusts the rate at which easy examples
are down-weighted. By doing so, focal loss effectively reduces the
relative loss for well-classified examples (putting the focus on harder,
misclassified examples), helping to prevent the overwhelming majority
of easy negatives from dominating the gradient. For one-stage detec-
tors, focal loss has become a popular choice, however this is an area
of active development and many adaptations exist. However, when it
assign weights to objects, it is typically based on class distributions or
difficulty rather than any risk-aware approach.

The definition we utilize for focal loss is as follows:

focal(p,) = —a(l — p,) log(p,) 2

where « and y are the typical focal loss hyperparameters.
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2.3. Handling imbalance and risk in medical imaging

In object detection, the non-medical Common Objects in Context
(COCO) challenge [17] presents average precision results for small,
medium, and large objects, alongside the total overall score, which is a
size-stratified analysis and moves in the direction of considering object
properties during evaluation. Subject-centered FROC [14] is useful
when diagnostic performance relates to the total number of targets per
subject, however treats all detections within a patient as equal. Finally,
cost-sensitive learning [18] prioritize errors with higher cost and shares
similar concerns with this study, however remains understudied in
medical imaging.

3. Methods
3.1. Risk-adjusted FROC (raFROC)

To account for risk in raFROC, we propose an adaptation to the
FROC metric. TP predictions and ground truth samples are weighted
by a weight w € [0, 1] pertaining to the associated risk, thus resulting
in a risk-adjusted sensitivity. FP predictions are in turn weighted by
(1 — w), due to the desire to minimize unneeded medical measures
or biopsies in persons without a true positive condition, resulting
in a risk-adjusted number of FPs (see Fig. 1). A TP prediction that
has double the risk of another one will be given double the weight
during evaluation, or vice versa for a FP. Since FROC is understood as
sensitivity at manually defined thresholds of FPs per case, raFROC can
be understood as approximating high-risk object sensitivity at manually
defined thresholds of low-risk FPs per case. Similarly to FROC, the final
raFROC score is calculated by averaging the weighted sensitivities at all
pre-defined FPPI thresholds [6,19,20]. As such, the equations become:

o w; Hn>§)
Risk-ad justed T PF(&)
3

Risk-ad justed FPPI(§) = M

3.2. Risk-adjusted focal loss function (raFocal)

We propose an adaptation to focal loss that accounts for risk (raFo-
cal). To that end, we asymmetrically adjust the loss for a risk-adapted
class, a class for which the risk calculation applies. Detection often uses
sigmoid binary classification and thus each class can be adapted inde-
pendently. Loss for other potential foreground classes is left untouched
and the methodology below only applies to the risk-adapted class.

Let y € {1} indicate sufficient IoU (Intersection-over-Union) with
a ground truth object (with y=-1 indicating the background class). The
risk-adjusted weight w, € [1,2] of a prediction is then calculated by:

1+ w,, if y=1
wt={ et oY 4)

2= Wy, ify=-

where w,, €[0,1]1s the risk of the matching (i.e. sufficient IoU overlap)
ground truth box and w,,., € [0, 1] is the risk of the prediction box.

Thus, if the prediction is assigned to a ground truth box, the loss
gets weighted by a value that increases as the risk of the ground
truth box becomes larger. Conversely, for a prediction assigned to the
background class, the value increases as the risk calculated for the
prediction decreases.

The calculation for raFocal loss for the risk-adapted class finally
becomes:

raFocal(p,) = —w,a(l - p,) log(p,) ©)

where p, € [0, 1] is the model’s estimated probability for the ground-
truth class, @ and y are the focal loss hyperparameters.
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Fig. 1. Overview of the effects that different risk has on the calculation of the raFROC (risk-adjusted Free-response Receiver Operating Characteristic) metric.

3.3. Risk estimation

Based on an external study [9] involving 819,647 patients, we
calculate a risk function for reported 15-year breast cancer mortality
based on lesion size in millimeters. The choice of the external study
was based on the fact that it was the largest study available, in an effort
to minimize potential biases and thus expected to provide substantial
robustness across breast cancer datasets. While this function pertains
to breast cancer, similar functions can be constructed for other medical
domains and disease entities with varying risks, potentially including
other risk factors.

To calculate this function, we fit numbers available in the external
study to a 3rd degree polynomial using numpy [21] (numpy.polyld
(numpy.polyfit(x, y, 3)), where x is an array of lesion sizes and y is an
array of the respected values for mortality risk).

risk(size) = 2.28-1077 -size> —8.75-107 - size? +1.23-1072 - size+1.37-1073
(6)

Fig. 2 shows the risk function alongside the data distribution. Risk
is further normalized to [0, 1] by dividing by 0.641, the highest value
in the [0, 150] mm range of the study.

3.4. Data

3.4.1. In-house dataset

The ethics committee of Friedrich-Alexander-University (FAU)
Erlangen-Niirnberg approved this retrospective study and waived the
need for written informed consent. The dataset comprises 818 studies
from 818 patients, including examinations acquired between November
2017 and January 2020, with an average age of 50.98 years. Among
the dataset, 84 cases were classified as BI-RADS 4, 68 as BI-RADS 5
and 168 as BI-RADS 6 (BI-RADS: Breast Imaging-Reporting and Data
System). Inclusion criteria were women undergoing clinically indicated
breast MRI with a full multiparametric diagnostic protocol that in-
cluded diffusion-weighted MRI (DW-MRI) sequences acquired with the
b-values b=50, 750, 1500 s/mm?, using 1.5T (Aera, Siemens Health-
ineers, Erlangen, Germany) and 3.0T (Skyra/Vida, Siemens Healthi-
neers, Erlangen, Germany) clinical routine MRI scanners. The acquisi-
tions had an average pixel spacing of 1.38 mmx 1.38 mm and an average
slice thickness of 4.4 mm.

Clinical indications for undergoing breast MRI included e.g. preop-
erative exclusion of multifocal disease, screening in women at high

risk for breast cancer, exclusion of recurrent breast cancer, clarifi-
cation of unclear findings in mammography, ultrasound or due to
clinical complaints. The lesions were segmented as follows: All imaging
data was transferred to a dedicated research workstation equipped
with using open-source 3D Slicer Software [version 4.11] [22]. The
built-in region draw function of the software was then used by a
medical student with 2 years of experience in breast MRI research
under the supervision of a board-certified radiologist with >10 years of
experience to manually segment the lesions in the DW-MRI sequence
using the high b-value (b=1500 s/mm?) as target sequence. In case
the target finding was not identifiable on the high b-value DW-MRI
acquisition the intermediate b-value of 750 s/mm? was used for seg-
mentation. Referencing of other sequences of the acquisition protocol
(T2-weighted sequence, gadolinium-based contrast agent (GBCA) en-
hanced T1-weighted sequence) was allowed during the segmentation
process.

The segmentations were performed along the inner border of the
target finding for the full three-dimensional extension of the lesion. In
case of multiple lesions in a single examination, all individual lesions
clearly attributable (e.g., satellite lesions associated with malignant
tumors/known multifocal disease) were segmented. Suspicious lesions
were mostly histopathologically verified with imaging-guided biopsy.
Biopsies were commonly not available in cases where the lesions were
radiologically benign, known to be benign through follow-up examina-
tions, or had been clarified through ultrasound examinations (e.g., cysts
or fibroadenomas). Such lesions were classified as benign in this study.
Histopathologically proven malignant lesions accounted for 618 lesions
in 268 cases, while 1003 lesions in 373 cases were classified as benign
to aid the model.

3.4.2. Duke-Breast-Cancer-MRI dataset

Publicly available [23-25], pre-operative dynamic contrast
enhanced MRI of patients with biopsy-confirmed invasive breast can-
cer, including 917 cases with 917 malignant lesions (randomly selected
independent test set: 230 images/230 lesions, Average age (available in
540 cases) was 52.88 years. Five cases excluded due to unclear prepro-
cessing. The dataset includes axial breast MRI, in the prone position and
the magnetic field strength of the scanners used was 1.5T/3.0T (using
Skyra/Avanto/Trio/TrioTim, Siemens Healthineers, Erlangen, Germany
and SIGNA HDx/SIGNA HDxt/SIGNA Excite/Optima MR450w, GE
Medical Systems, Chicago, Illinois, USA) with an average pixel spacing
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Fig. 2. Absolute frequencies of malignant tumor sizes, alongside the associated 15-year mortality risk of each size. The in-house dataset used for the evaluation
is composed of diffusion-weighted MRI acquisitions with b-values 50,750,1500 s/mm?, whilst the external Duke-Breast-Cancer-MRI dataset [23-25] is utilized
as dynamic contrast enhanced (DCE) subtractions acquired before and after the injection of gadolinium-based contrast agents (GBCA), for further details see

reference. Size is defined as the max axial detection box side.

of 0.72 mm x0.72 mm and an average slice thickness of 1.15 mm. Three-
dimensional bounding box position of each patient’s primary lesion is
included. For each patient, a non-fat saturated T1-weighted sequence,
a fat-saturated gradient echo T1-weighted pre-contrast sequence, and
at least three post-contrast sequences, after intravenous injection of a
GBCA, are available. In the context of this study, we utilize subtraction
images, in which the pre-contrast image was subtracted from the
second post-contrast image.

3.5. Experimental design

3.5.1. Model

We use nnDetection [7] as the development framework, which is
a self-configuring medical object detection framework built on Retina
U-Net [26]. The self-configuring nature of the framework was utilized
wherever possible in order to not inadvertently bias the model. Model
parameters were optimized solely using focal loss and FROC on the
in-house dataset. 8 epochs were found to perform best with 2500
batches per epoch and a learning rate of 0.01. The standard nnDetection
augmentation pipeline was used. Focal loss hyperparameters a=0.75
and y=1 were picked using the training set. For the asymmetric focal
loss [27], y was set to y, (and y_=0). The ratio needed for focal-Tversky
loss [28] was set to «=0.75/$=0.25 (as typically a + =1 and a« > §
incentivizes false positive reduction). Hard negative mining with binary
cross-entropy loss was also tested [7]. In order to assess the validity of
the proposed loss and metric, we perform the following experiments.

3.5.2. Experiment 1: Empirically confirm shortcomings of FROC to motivate
raFROC

We assume two hypothetical models, where one is equivalent to
detecting only small breast lesions and another to detecting only large
breast lesions. To achieve that, we pick a size threshold that splits
the breast lesions into two buckets as evenly as possible. The two
hypothetical models are able to predict breast lesions only from their
respective bucket. We investigate whether there is a difference in
patient-level sensitivity and risk-adjusted object-level sensitivity. This
experiment is performed in the in-house dataset, which contains both
malignant and benign cases.

3.6. Experiment 2: Qualitative comparison of proposed loss against focal
loss and analysis of performance in different thresholds

Predictions from the focal loss trained model are compared visually
to the ones from the model trained with raFocal loss. Additionally,
different patterns in high confidence predictions from the two models
are identified by utilizing different high confidence thresholds and
comparing the number of false positives and true positives. Lastly,
the numbers of true positive and false negative predictions of the two
models, regardless of confidence (threshold 1%), are identified.

3.6.1. Experiment 3: Performance of proposed loss against focal loss using
traditional evaluation metrics

We evaluate by means of aggregating 5-fold cross validation results
for the in-house dataset and dedicated test set for the Duke dataset. The
methods used are (1) FROC analysis for all datasets, (2) size-stratified
FROC analysis for all datasets, and (3) Patient-level AUC (Area Under
Curve) and patient-level AP (Average Precision) for the in-house dataset
that has both pathological and non-pathological cases. Size-stratified
analysis took place using the above-mentioned COCO method [17],
where for a certain object size range, ground truth objects with size
outside the range as well as non matching predictions with size outside
the range are discarded prior to the calculation. 20 mm was chosen
as the size range cut-off, because it constitutes the cut-off between T1
and T2 in the TNM staging system [12]. The results table also includes
a comparison to asymmetric focal loss, focal-Tversky loss, and hard
negative mining with binary cross-entropy loss.

3.6.2. Experiment 4: Performance of proposed loss against focal loss using
the proposed evaluation metric

The hypothesis is that raFocal will perform better than focal loss,
especially for the in-house dataset where there is an abundance of small
lesions. We are also looking to gain insights on the risk-adjusted per-
formance using the evaluation performed with the traditional methods
and showcase that raFROC is a simpler approach with less overhead
and pitfalls. The results table also includes a comparison to asymmetric
focal loss, focal-Tversky loss, and hard negative mining with binary
cross-entropy loss.
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Higher patient-level predictive ability of large high-risk lesions
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Fig. 3. Summary of the different predictive ability of lesion sizes using the in-house dataset. All lesions are divided into two buckets depending on their size and
two hypothetical models are assumed that predict only from their respective bucket. Multiple lesions can belong to a single patient. Large lesions achieve higher

sensitivity in predicting malignancy.
4. Results

4.1. Experiment 1: Empirically confirm shortcomings of FROC to motivate
raFROC

A size threshold of 12 mm was chosen, in order to split the ground
truth malignant lesions of the in-house dataset into two buckets as
evenly as possible, which resulted in 302 malignant breast lesions in
the small lesion size bucket and 316 in the large one. The resulting
size range in the small bucket was 2.73-11.88 mm (7.13 mm aver-
age/6.84 mm median) and in the large 12.30-139.45 mm (30.35 mm
average/21.88 mm median). We assume two hypothetical models,
where the first one detects only all of the small lesions and the second
only all the large ones. These models have similar object-level sensi-
tivities, 0.49 and 0.51, as they are able to detect a similar amount
of malignant breast lesions. However, the diagnostic value of the two
models differs, as smaller lesions are often accompanied by larger
ones in the same patient and because there can be multiple small
lesions per patient. The small lesion model can achieve a patient-level
sensitivity of 0.55, compared to 0.82 for the large lesion one. The risk-
adjusted object-level sensitivity that raFROC uses would be 0.24 and
0.76, respectively. Fig. 3 summarizes the results.

4.2. Experiment 2: Qualitative comparison of proposed loss against focal
loss and analysis of performance in different thresholds

Fig. 4 contains case examples between models trained with focal
loss and raFocal loss. In particular, lesions with higher risk — here
larger size — were more likely to be caught by the raFocal model. Table
1 shows that the model trained with raFocal loss tend to find more
high risk lesions with a high confidence score and having less low risk
false-positives, at the expense of also being more confident with high
risk-appearing false positives.

With a threshold of 1% we calculate an estimate of the number of
overall discovered ground truth lesions by the two models. In the in-
house dataset, the number of found lesions are 493/618 for the model
trained with focal loss and 514/618 for the raFocal model. In Duke,
there are 212/230 lesions found for the model with focal loss and
216/230 for the raFocal.

4.3. Experiment 3: Performance of proposed loss against focal loss using
traditional evaluation metrics

Fig. 5 shows the results of the FROC analysis. The performance
metrics are aggregated in Table 2. For the in-house dataset, the raFocal
model achieves 0.86 AUC and 0.77 AP compared to 0.84 AUC and
0.70 AP for the focal model (p = 0.006 significant difference between
AUC scores using the DeLong method [29]) on the patient-level. The
raFocal model performs moderately better at the object-level in lower
thresholds. The higher sensitivity of the focal model at 1 FP/case in the
20+mm plot is misleading, as this happens for a very low prediction
probability threshold (0.025) which is not relevant, as it is lower than
the largest threshold used in the overall FROC plot at 8 FPs/case
(0.039).

For the Duke dataset, the analysis shows improvement for raFocal
in all FROC plots. However, upon closer inspection, most of the benefit
in the overall FROC performance comes from the 20+mm range and
the two plots follow a similar pattern. That is because the probabil-
ity thresholds used for the overall FROC curve produce very similar
number of 0-20 mm TPs. In fact, the largest difference is in the lowest
threshold, where focal loss actually has more 0-20 mm TPs, 24 vs 20,
something not visible in the 0-20 mm plot.

4.4. Experiment 4: Performance of proposed loss against focal loss using the
proposed evaluation metric

The results (Fig. 6) indicate that raFocal shows improvements in
raFROC compared to focal loss, especially for the in-house dataset,
where there is more variance in the lesion sizes. Specifically, there is
an increase from 0.60 raFROC to 0.65 for the in-house dataset and 0.88
to 0.91 for the Duke dataset. This is in accordance with the increase in
the patient-level metrics observed and the slight increase in 0-20 mm
lesion performance for the lower thresholds. The improvement raFocal
shows in the Duke dataset stems from better large lesion (20 mm-+)
performance, as indicated by the COCO-style size-stratified analysis.

5. Discussion

In this study, we introduced risk-adjusted FROC (raFROC) and risk-
adjusted focal loss (raFocal) to incorporate clinical context concerns



D. Bounias et al.

Computers in Biology and Medicine 198 (2025) 111277

Visual examples of predictions made by the models

Fig. 4. Qualitative assessment using representative detection examples made by the model. Examples (a)-(d) are cases where the models differed in assessing
a ground truth lesion; from left to right: ground truth, prediction (if any) from focal loss model, prediction (if any) from raFocal loss model. Examples (e)-(h)
are cases where the models differed in confidently classifying a lesion as ground truth: yellow predictions are from the raFocal loss model, blue from the focal
loss model. Images are from the external Duke-Breast-Cancer-MRI dataset (CC BY-NC 4.0 license) [23-25], which is utilized as dynamic contrast enhanced (DCE)
subtractions acquired before and after the injection of gadolinium-based contrast agents (GBCA).

Table 1

Comparison of false positives (FP) and true positives (TP) for large and small objects across different detection thresholds (75%,
80%, 85%) using focal loss and risk-adjusted focal loss (raFocal). Results are reported for both the in-house dataset and the Duke

dataset.
Dataset Category 75% 80% 85%
Focal raFocal Focal raFocal Focal raFocal

In-house Large FP 81 98 61 77 42 55
Large TP 109 109 104 106 89 96
Small FP 427 262 349 196 241 130
Small TP 156 126 142 119 118 102

Duke Large FP 22 30 16 24 7 10
Large TP 137 146 127 136 94 116
Small FP 8 8 4 4 4 3
Small TP 24 24 20 20 12 16

into object detection in medical imaging. Our methods were evalu-
ated on two independent breast MRI datasets: an in-house DW-MRI
dataset and a publicly available DCE-MRI dataset. The datasets were
modified in order to represent two distinct different potential screening
applications using abbreviated breast MRI. The in-house dataset was
used to represent a non-contrast enhanced imaging strategy based
on high b-value DW-MRI and the public dataset on representing a
GBCA-enhanced breast MRI approach.

Our experimental results demonstrated an increase in performance
using raFocal across both datasets. This improvement was evident in
patient-level and object-level performance, particularly in risk-adjusted
evaluations and the patient-level AUC. Incorporating risk adjustment
(in the sense of long-term survival prognosis, in case a lesion turns
out to be malignant) into training led to more accurate identification
of lesions with higher prognostic burden for the patients. We also ob-
served that larger lesions have a vastly better patient-level sensitivity.
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Fig. 5. Performance of the proposed loss function (raFocal - risk-adjusted focal loss) against focal loss using traditional evaluation metrics. The first row is
Free-response Receiver Operating Characteristic (FROC), while the next two rows comprise the size-stratified FROC analysis with the method used in COCO [17].

Table 2
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Average number of false positives per case
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Performance of the proposed loss (raFocal, risk-adjusted focal loss) against standard focal loss, asymmetric focal loss, focal-Tversky
loss, and hard negative mining with binary cross-entropy. The comparison takes place across an diffusion-weighted MRI in-house
dataset and composed dynamic contrast enhanced subtractions from Duke-Breast-Cancer-MRI [23-25]. Metrics include patient-
level area under the receiver operating characteristic curve (AUC), patient-level average precision (AP), object-level free-response
operating characteristic (FROC), and object-level risk-adjusted FROC (raFROC). Significance testing was performed for AUC, using
the DeLong method [29], which indicated that the difference was significant (p = 0.006).

Model loss In-house dataset Duke

AUC AP FROC raFROC FROC raFROC
raFocal 0.86 0.77 0.517 0.645 0.852 0.906
Focal 0.84 0.70 0.497 0.598 0.830 0.878
Asymmetric Focal 0.85 0.72 0.501 0.599 0.843 0.896
Focal-Tversky 0.65 0.45 0.160 0.263 0.412 0.431
Hard Negative Mining 0.80 0.64 0.457 0.569 0.834 0.884

The raFROC analysis provided a nuanced evaluation that considered
the size-association risk, further supporting these findings.

The raFROC approach offers a more clinically relevant analysis com-
pared to traditional FROC and COCO-style stratified analyses. While
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Proposed raFROC analysis
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Fig. 6. Performance of the proposed loss function (raFocal - risk-adjusted focal loss) against focal loss using the proposed evaluation metric, raFROC (risk-adjusted
Free-response Receiver Operating Characteristic), in a diffusion-weighted MRI in-house dataset and the public Duke-Breast-Cancer-MRI dataset [23-25], which is
utilized as dynamic contrast enhanced (DCE) subtractions acquired before and after the injection of gadolinium-based contrast agents (GBCA).

both the presented implementation of raFROC and the COCO-style
size-stratified analysis are based on size calculations, the size-stratified
analysis can be misleading due to the need for arbitrary size thresholds
and the assumption of uniform risk within each size range. Addi-
tionally, COCO-style analysis involves complexities such as managing
multiple prediction probability thresholds for each size range, which
can obscure true model performance. In contrast, raFROC incorpo-
rates clinical prognosis directly into the evaluation metric, providing
a unified and straightforward measure of model performance.

For clinical practice, this means that the model can potentially aid
in the detection and accurate characterization of breast cancer lesions,
reducing concerns about missing important findings and overdiagnosis.
For radiologists, automated detection systems in the future might sup-
port highlighting lesions that require immediate attention, potentially
reducing time spent on findings with limited clinical relevance and
focusing efforts on critical cases.

Adequate loss functions are essential for representing the addressed
problem and data, accounting for any imbalances. Standard loss func-
tions like focal loss emphasize harder examples but do not consider
the clinical impact of different lesion types. The proposed raFocal loss
adjusts weights based on the potential prognostic downstream risk in
case a lesion would have been malignant, enhancing the detection
of clinically significant lesions. Our results indicate that raFocal out-
performed focal loss in both datasets, particularly in improving the
detection of larger lesions with a potential prognostically worse risk
in case they turn out to be malignant in the Duke dataset, and signifi-
cantly enhancing patient-level AUC and AP in the in-house dataset. The
raFocal loss indirectly incorporates both patient-level performance and
object-level performance, which was previously missing during model
training.

This work bears similarities to net benefit [10], where the goal
is to detect malignancies while minimizing unnecessary interventions.
Net benefit establishes an exchange rate between identifying true pos-
itives and reducing false positives, ensuring a balanced approach in
developing screening programs. By integrating clinical relevance, such
as treatment success and survival prognosis, we utilized net benefit
concepts to help optimize medical object detection for better patient
outcomes.

There are several limitations to our study. First, we only used lesion
size as a risk adjustment factor, while breast cancer prognosis is typi-
cally determined by a diverse spectrum of factors. This limitation means

that the current risk adjustment is certainly not able to fully capture
the complexity of breast cancer prognosis. Future research should aim
to integrate a broader range of risk factors, such as individual risk
factors (e.g., BRCA mutation carrier) and tumor genetic characteristics
to enhance accuracy and applicability. As these risk factors were not
available for all datasets, we focused on a basic, established factor
associated with long-term patient outcomes. However, we showcased
the potential of incorporating additional measures of risk and even the
straightforward risk function utilized showed promising results. Further
the risk described in our study characterizes the clinical downstream
prognostic risk in case a lesion turns out to malignant. It is not a risk
factor that characterizes the risk of a lesion itself to be malignant as
such. This is important to consider as size itself cannot be sufficiently
used to differentiate breast lesions into malignant and benign.

Secondly, our evaluation was confined to breast cancer datasets, and
the generalizability to other cancers or medical conditions remains to
be validated. Similarly, the underlying patient cohort did not reflect
the characteristics of a screening population in terms of frequency of
malignant findings and lesion characteristics. Further, the moderate
performance of the neural network in the in-house dataset could be
attributed to the high number of small benign lesions often present
alongside malignant ones in non-contrast-enhanced MRI, making the
dataset particularly challenging. In contrast, the Duke dataset con-
tained larger malignant lesions, favoring the neural network’s detection
capabilities. Our work does not incorporate all types of current Al
applications used in breast imaging [30-34] and we purposely utilized
a self-configuring method without fine-tuning the model in order to not
bias results.

Future work could focus on expanding the risk models to encompass
a broader range of clinical factors and on validating these methods
across diverse medical imaging datasets or different cancer types, like
lung cancer, as well as incorporation of more patient-level concerns like
treatment response. Screening datasets, while potentially more difficult
to acquire, could reveal an even higher relevance of risk-adjusted
methods. Federated learning [35] and the large datasets it involves can
potentially benefit from such an approach, as population differences
can present differences in risk characteristics. Further exploration into
the integration of risk-adjusted methods into real-time clinical decision
support systems could assess their impact on clinical workflows and
patient outcomes. By addressing these points, the effectiveness of med-
ical object detection models can be enhanced, ensuring they are better
aligned with clinical needs and ultimately improving patient care.
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6. Conclusions

This work showcases a first step on how to realize risk-adjusted
model training and validation in medical object detection. Accounting
for clinical risk and outcome is very important in a medical diagnosis
setting compared to other domains, because it allows balancing the
trade-off between false positive findings and missing pathologies, sig-
nificantly influencing the clinical outcome of the individual patient.
Further, this work paves the way on helping models identify lesions
of high clinical relevance, with impact on the clinical prognosis. The
method presented brings model evaluation and training loss closer to
that need and is a better approach than size stratification. Source code
for raFROC and raFocal loss is publicly available at https://github.com/
MIC-DKFZ/risk-adjusted-training-and-evaluation.
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